Abstract This paper proposes a new method for simple, efficient, and robust removal of the non-brain tissues in MR images based on an irrational mask for filtration within a binary morphological operation framework. The proposed skullstripping segmentation is based on two irrational 3×3 and 5×5 masks, having the sum of its weights equal to the transcendental number π value provided by the Gregory-Leibniz infinite series. It allows maintaining a lower rate of useful pixel loss. The proposed method has been tested in two ways. First, it has been validated as a binary method by comparing and contrasting with Otsu's, Sauvola's, Niblack's, and Bernsen's binary methods. Secondly, its accuracy has been verified against three state-of-the-art skull-stripping methods: the graph cuts method, the method based on Chan-Vese active contour model, and the simplex mesh and histogram analysis skull stripping. The performance of the proposed method has been assessed using the Dice scores, overlap and extra fractions, and sensitivity and specificity as statistical methods. The gold standard has been provided by two neurologist experts. The proposed method has been tested and validated on 26 image series which contain 216 images from two publicly available databases: the Whole Brain Atlas and the Internet Brain Segmentation Repository that include a highly variable sample population (with reference to age, sex, healthy/diseased). The approach performs accurately on both standardized databases. The main advantage of the proposed method is its robustness and speed.
Introduction
The neuro-MR image segmentation is one of the most important tools for establishing a clinical diagnosis. In an effort to address this problem, many segmentation techniques were developed. The first step in any brain image analysis consists of the removal of the non-cerebral tissue, also called skull stripping, which is a complex and challenging task. This segmentation operation must be done with high accuracy because it implies the removal of extra-cerebral tissues such as scalp, skull, eyeballs, and skin. It belongs to the pre-processing stage that is part of image processing pipeline, usually being located between the acquisition and the segmentation stages.
Many skull-stripping algorithms were developed, and extensive work was done in this area, but a standardized solution has not been proposed yet [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] . Automatic and manual segmentations are the process of partitioning the image into distinct regions. The segmentation of the whole brain or the skull-stripping process depends on a particular imaging contrast and on the image intensity inhomogeneity. Each of the existing skull-stripping methods has its weaknesses and strengths, and this is the reason why they have not yet been adopted in the clinical environment. Today, fully or partially automatic segmentation methods are, in general, accepted, but their outcomes strongly depend on the theoretical and computation models [7] [8] [9] [10] .
Seghier et al. [6] developed a method for micro-bleed detection using a unified automated segmentation-normalization technique that includes an optimization step (i.e., the morphological operations were used to clean up the brain image on the tissues as skull and other tissues characterized by low intensities around the brain and the scalp), and the results were compared with a visual rating system. During the course of evolution, a variety of techniques such as graph cut [11] , watershed algorithm [12, 13] , histogram analysis [14] , multi-atlas skull stripping (MASS) [15] , thresholding and morphological reconstruction [16] , and active contour model [17, 18] were proposed.
Our work has been motivated by the reported methods [11, 14, 17, 19] . Sadananthan et al. [11] proposed the graph cuts method (GCUT) that modifies the intensity thresholds and removes the narrow connections in order to obtain a brain mask. Initially, a rough estimate of the brain is extracted, and then, the graph cuts are used to refine the segmentation. Galdames et al. [14] proposed the simplex mesh and histogram analysis skull stripping (SMHASS) method that uses a deformable model and histogram analysis. This method based on deformable model used a simplex mesh, and the local gray levels controlled its deformation. Somasundaram et al. [17] used the Chan-Vese active contour model to segment the brain from other non-brain tissues. In this method, the first binary form of the brain image allows us to find the rough brain. Here, the active contour propagates. These operations have been performed in the middle slice. Then, a simplified algorithm based on the geometric similarities of the adjacent slices is performed to extract the brain in the remaining slices. The method in [19] uses prior shape information within a graph cut framework for skull stripping of neonatal brain images. Also, the labeled training data provides information for the smoothing operation in order to increase the segmentation accuracy.
Most of the segmentation methods are designed to start with various artifacts and noise removal operations by using a wide variety of filtration methods [20] [21] [22] [23] [24] . Also, the binarization operation is included in skull-stripping algorithms. The most popular binarization methods are based on thresholding methods [25] [26] [27] [28] . Additionally, basic morphological operations such as dilation and erosion are usually performed in the post-processing stage of the image processing pipeline [11, 13, 29] . However, different methods produce different skull-stripping results.
Our method proposes a new mask based on the terms of Gregory-Leibniz infinite series that calculates the value of pi. The proposed irrational 3×3 and 5×5 masks help in the brain tissue identification by using the gray-level value selection and pixel assignation between background (=0) and foreground. Then, the estimated gray-level distribution of the tissues is used in the binarization so that all the pixels ranging from 0 to 254 are assigned to zero and only the white pixels are kept. Contributions of this work are threefold: (1) a new approach in using the proposed irrational mask as a highpass filter that produces better results near the edges, (2) convert a gray-scale image into a binary image following a new selection rule, as a key step in the skull-stripping operation, and (3) the post-processing operation (i.e., morphological operations to remove all non-brain regions) and the illustration of the performance of the new skull-stripping approach. The outcomes of the proposed method and manual skull stripping were compared. The metrics most used in the specialized literature in order to compare the quality of the proposed skullstripping method have been employed. They are the Dice scores, overlap and extra fractions, and sensitivity and specificity [11, 14] . The results of the proposed method have been validated on two independent publicly available databases, the Whole Brain Atlas (WBA) and the Internet Brain Segmentation Repository (IBSR). Also, we compared performance of our algorithm with three other existing automated skull-stripping methods, i.e., SMHASS [14] , method in [17] , and GCUT [11] .
The main advantages of our method consist of its robustness and lesser processing time. In contrast to Niblack's, Sauvola's, and Bernsen's methods that require parameters set by the users, our method does not require the adjustment of the software parameters. It is robust against intensity variations and works well across datasets. It has successfully enabled the segmentation of the brain in every slice of head images from two databases and for several different 2-D MR image types: T1 weighted (T1w), T2 weighted (T2w), gadolinium-DTPA-enhanced T1w (GAD), and proton density weighted (PD). There were used both axial and coronal views.
The remainder of the paper is organized as follows: "Materials and Methods" section describes the datasets used in this work followed by a description of our method. The algorithm's results and performance are presented in "Results" section and discussed in "Discussion" section. Finally, conclusions are included in "Conclusions" section.
Materials and Methods
The proposed automatic skull-stripping method consists of a series of sequential stages. There are four groups of operations: (i) the image filtering using the proposed irrational mask; a robust average filter has been used because it averages across its neighborhood and has the ability to remove noise without blurring edges; (ii) the segmentation of the images using the proposed method and, for comparison purposes, using the well-established methods such as those of Otsu, Sauvola, Niblack, and Bernsen; (iii) the image post-processing based on morphologically operators; (iv) the validation and comparison against the state of the art (SMHASS [14] , method in [17] , and GCUT [11] ).
The flowchart of proposed algorithm dealing with the first three components is shown in Fig. 1 .
Datasets
Two independent publicly available databases, the WBA and/ or the IBSR, have been used to build the following two datasets used for performance evaluation and validation. A total of 26 MR image series containing 216 images were examined. The datasets include scans from diverse population with a wide age range as well as diseased brains. Also, datasets include primarily T1w, T2w, GAD, and some PD images. 2. Dataset 2 from the IBSR 2 contains six MR image series (36 images): three axial and coronal image series T2w for normal subjects. The slice thickness is 3.1 or 1.5 mm.
The gold standard has been provided by two neurologist experts. They had more than 8 and 15 years of experience in the field of MRI. They require, in average, between 48 and 65 s per slice for manual segmentation task completion, and overall, WBA requires 1 h and 30 min and IBSR requires approximately 1 h. The manual skull stripping was performed independently. All images were segmented on the same computer monitor with similar conditions (the same ideal lighting condition). Manual tracing was performed using Macromedia Fireworks 8 software and lasso tool. Figure 2 provides some examples of manual segmentation.
The Kappa statistical analysis was used to assess the agreement among the experts (interobserver agreement).
Proposed Irrational Mask
In neuro-MR images, presence of noise, irregular shapes, and low contrast lead to the detection of objects and diagnostic decision which is a difficult task. In the pre-processing stage, most of these undesirable properties are eliminated using appropriate filters. In the skull-stripping procedure, the accurate detection of the shapes is crucial. Therefore, it is important to use a filter that has the ability to follow up the non-brain tissues in an accurate manner. Also, it is equally important to estimate the gray-level distribution precisely. In this respect, in this paper, we propose an irrational mask based on the Gregory-Leibniz infinite series that calculates the π value with high precision [30] :
The first 9 or 25 values of the series represent the weights of the proposed 3×3 and 5×5 irrational masks π (Fig. 3a) . The negative values of series give the totally black pixels (=0) or background, and the positive values that characterize the gray scale ranging from black to white (1 to 255) give the foreground. Figure 3b shows an original image from the WBA dataset, and Fig. 3c is the result of the filtration when the π mask has been implemented in Matlab environment. The convolution operation is employed during filtration. The output image g(x, y) is the result of the convolution operation between the original image f(x,y) with m columns and n lines and the kernel π(x,y) with 2w+1 columns, 2h+1 lines (see the Algorithm 1, step 1). Simultaneously, the π mask separates the image intensities so that it improves the edge detection capabilities of the proposed method.
Image Binarization
The main objective of binarization is the pre-segmentation of objects in the foreground and the background. The image binarization could be performed in different ways [25] [26] [27] [28] . Among various methods based on thresholding, there are methods based on the global threshold [25] or on the local threshold [26] [27] [28] . Otsu's method is a global binarization method [25] . It works as a clustering analysis-based method and uses the image variance. The image contains foreground and background classes of pixels, and the optimum threshold is that separates the two classes so that the intraclass variance is minimal. Other binarization techniques are based on local binarization; i.e., the threshold is estimated individually for each pixel according to the gray-scale information of the neighboring pixels. Niblack's method [27] is a local variance-based method. It uses a sliding rectangular mask to compute the optimum threshold according to the local mean, standard deviation, and mask size. An improved method was proposed by Sauvola et al. [26] . It is a local-variance-based method, and it shows better results for images containing inhomogeneity. Bernsen's method [28] is a local adaptive method based on image contrast. The threshold is set as the mean of the minimum and maximum gray values in a local window having the size of 31. Table 3 presents the optimal parameters utilized in this work for binarization task.
The binarization method proposed in this study is not a thresholding method. The idea is to keep only the white pixels Fig. 2 A selection of manually skull-stripped brain (dashed line). a T1w-cerebral calcinosis diagnosis. b GAD-astrocytoma diagnosis Fig. 1 The flow diagram of the proposed algorithm. The proposed irrational mask for filtration and an average filter (used in [25] [26] [27] [28] ) are applied. The awarded binarization methods [25] [26] [27] [28] 
Algorithm 1 summarizes the first two steps of the proposed method. Algorithm 1. Pre-processing image with irrational mask and binarization Input: Original MRI image f(x, y) with m columns, n lines
Step 1: Pre-processing image with irrational mask π (x, y) with 2w+1 columns, 2h+1 lines, convolution operation for y=0 to m do for x=0 to n do sum=0 for i=−h to h do for j=−w to w do sum=sum+f(x, y) · π (x ± j, y ± j) end for end for g(x, y)=sum(x, y) end for end for
Step 2: Binary image h(x, y) obtained from g(x, y) for y=0 to m do for x=0 to n do if g(x,y)≥0 and g(x,y)<255 h(x,y)=0 else h(x,y)=1 end if end for end for
Post-Processing Operations for Brain Shape Correction
Once we have the binary images, the segmentation results must be improved. The first step is the detection of the largest objects, and the next goal is the preservation of the shape of the selected foreground objects in binary image.
A binary image h(x,y) contains the requested object of interest as a region having the larger area and several isolated regions R(i) having small areas. Each region has been labeled using integer values equal to the area of the regions R A (i), and the binary image is now expressed as h x; y ð Þ ¼ ∑ To obtain the final refined binary mask, some morphological operations are required. In order to increase the accuracy and efficiency of the segmentation, only the largest region has been post-processed. The closing operation (a dilation followed by erosion that allows removing the holes in the foreground) is used [16] . It is made by disk-shape structuring elements, with a radius of 2. Closing removes small dark spots and connects small bright cracks. This operation ensures that we have not included any non-brain tissues in the final mask. Algorithm 2 summarizes the morphological operation. The post-processed image is denoted as t(x, y).
Algorithm 2. Morphological operation
Step 3: Post-processing operations for brain shape correction through closing operation where ⊕ is dila tion, ⊖ is erosion and s is structural element as disk with a radius of 2 for y=0 to m do for x=0 to n do t(x, y)=(h m (x, y) ⊕ s)⊖s end for end for where p o (i,j) and p m (i,j) are the pixels that belong to original and post-processed image, respectively. The advantage of the proposed method is that there are no artifacts introduced by reconstruction.
Performance Metrics Evaluation
To validate the success of our skull-stripping method, we compared the results with manual segmentation using different metrics that reflect the degree of agreement in segmented areas. For a fair comparison between methods, the same databases (i.e., WBA and IBSR) used in [16, 19, 22] were utilized. The performance of the binary segmentation has been evaluated in two ways. A quality evaluation is performed using the Dice similarity coefficient κ (which estimates the percent area overlap), overlap fraction (OF), and extra fraction (EF) (which measure the correctly identified mask area and falsely identified as area mask, respectively [31] ). For a quantitative evaluation, sensitivity and specificity are computed. Also, the efficacy of the proposed irrational filtering method has been verified through a parallel comparison with the abovementioned methods [25] [26] [27] [28] .
where I f and J denote the area of the skull-stripped and ground truth images, respectively [16, 19] . The area of I f ∩ J corresponds to the false positives and measures the area that is falsely classified as brain area, where I f is the extra area of I f . A similarity coefficient or an OF of 1.0 represents perfect overlap, whereas a value of 0.0 represents no overlap. The EF should remain as small as possible (close to 0) for a good segmentation. The sensitivity (true positive rate) and specificity (true negative rate) are given by the following:
where TP and FP are the true positive and false positive, respectively. They are defined as the number of pixels correctly and incorrectly classified as brain tissue. TN and FN are the true negative and false negative, respectively. Similarly, they are defined as the number of pixels correctly and incorrectly classified as non-brain tissue [22] . According to the I f and J signification, false positive is defined as follows: FP∼I f n J and false negative is defined as follows: FN∼I f nJ .
Results
In this study, for experimental analysis, we considered two databases for skull-stripping algorithm: WBA and IBSR. The ground truth was done by standard manual skull stripping. When the manual skull segmentation results were compared, the overall kappa coefficient value for interobserver agreement was 0.78 (P<0.001) and indicates a good agreement among the two raters. The percentage of agreement between the raters for all MR images was approximately 85 %.
Our method has been validated in two ways. The efficacy of the irrational filtering method has been verified through a parallel comparison with Otsu's, Sauvola's, Niblack's, and Bernsen's methods. In order to have a clear perspective on precision and robustness, various metrics were used and the results are reported in Table 1 . Then, the full algorithm was validated by comparing its performance with three wellknown existing automated skull-stripping methods, i.e., SMHASS [14] , method based on Chan-Vese active contour model [17] , and GCUT [11] . The results are reported in Table 2 . Figure 4 shows some results obtained in our study. The binary image provided by various methods and the proposed method are presented in the first column. Generally, Niblack's method includes non-brain tissues in the binarization step and removes the brain tissues when the final skull-stripped image is done. Similarly, Bernsen's method failed to extract brain portions.
The methods used in our benchmark analysis require various parameters to be set by the users. Table 3 shows the range of parameter values used to optimize Otsu's, Sauvola's, Niblack's, and Bernsen's binarization methods. These parameters were recommended by the authors and were utilized in this study. It is worthy to mention that our method does not need to have the software parameters adjusted. Figure 5 shows the outcome images provided by the proposed method, when different types of MR images belonging to WBA and IBSR databases were used.
The average elapsed processing time was calculated for each method based on the performance across all 26 MR image series. Thus, WBA dataset that contains 20 MR image series and 180 images requires 4 min and 6 s, and IBSR dataset that contains 6 MR image series and 36 images takes 1 min and 18 s. Each image has the size less than 15 Kb (512× 512 pixels). The hardware experimental environments were as follows: Intel ® Core ™ 2 Duo CPU T 5900, 2.20 GHz, 32-bit system type, and 3-GB RAM. The computational time of the SMHASS method for an image was 57 min, in average [14] . The methods reported in [11, 17] do not give any date on the computational time. The hybrid algorithm based on watershed and deformable surface models proposed by Ségonne et al. [13] runs in about 5 min for 43 scans (1-GHz Pentium III running Linux). The MIDAS method reported in [6] takes less than 3 min to run per patient (PC 64-bit, 3.2-GHz Intel CPU, 12-GB RAM). Also, for some patients, an additional 5-10 min was needed for some supplementary manually corrections.
Discussion
Impediments as forms of anatomical variability among brains, artifacts due to various acquisition methods, and different The best results are italicized databases with a large range of image registration quality lead to a lot of difficulties of designing a robust algorithm for skull stripping. The reported results in literature significantly vary because various databases and parameters were used in the comparisons.
The segmentation accuracy of the proposed method was assessed by comparing the overlap of manual experts' segmentation with the results of our skull-stripping method. The mean and standard deviations (SD) of the metrics described in "Performance Metrics Evaluation" section were computed, and the segmentation results for each method are shown in Table 1 . The average performance of each method shows high variation with different image types. Otsu's method and the proposed method for T1w, T2w, and PD image types show comparable performances in terms of κ similarity coefficient. The higher values of Dice coefficient indicate that only few black pixels (or small non-brain tissue regions) belonging to the I f and J images have overlapped. Also, the highest sensitivity with very few FN and a high specificity are provided by the proposed method. Niblack's and Bernsen's methods show a low performance, and Sauvola's method does not provide any measurable information. With respect to morphological operations, Sauvola's case demonstrated significantly worse performance relative to other methods.
The segmentation results for each method used for comparison purpose are shown in Table 2 . It can be seen that the proposed method gives the average values similar of the performance coefficients with those of reported methods in literature, sharing the same public databases. The purpose of this comparison was to show that the proposed irrational filter gives the very good results in a simple and robust technique and with a very low processing time, unlike the previous methods that show a higher processing time.
The robustness of the proposed method has been proven in two ways. First, its wide applicability is proved by the significant number of MR images belonging to various diagnostic groups and acquisition ways (PD, GAD, T1w, T2w), for adults and aging population. These Fig. 4 Examples of skull stripping using various binarization methods. a Otsu's, b Sauvola's, c Niblack's, d Bernsen's, and e proposed methods using the 3×3 mask and f proposed method using the 5×5 mask. The first column indicates the binary image resulted in the pre-segmentation step. The second column shows the filtering results of the average filter (used in [25] [26] [27] [28] ) and of the proposed irrational mask coupled with the shape corrections by morphological operations. The third column corresponds to the skull-stripped image 
images belong to independent public databases. Secondly, our method does not need to have the software parameters modified, in contrast to the parameter-based methods used for comparison. The window size affects the performance of segmentation. Niblack's, Bernsen's, and Sauvola's methods require large window size, and for MR images, they do not show good performance and are not suitable at smaller window size. Sauvola's method is totally inappropriate. Proposed methods give very good results for 3×3 mask, and a slightly decrease of 2 % in the performance has been registered for the 5×5 mask.
It is worth noting here that our approach incorporates an edge-enhancing component, as the proposed irrational mask allows setting a high-pass filtration operation. Its performance is very good because it highlights pixels that have values that are very different from their neighboring pixels (i.e., from those pixels assigned as black pixels by the negative weights of the π mask). This method performs better on all images encompassed in analyzed datasets and shows equal performance among different diseases. However, cerebral hemorrhage images were the most difficult to segment.
The proposed method is able to successfully segment the whole brain in all 216 images from two publicly available databases. It has similar performance with respect to other most popular methods in the literature [11, 14, 17] , but it outperforms these methods due to its simplicity and speed. We estimate that in group comparison studies of skull stripping, our method can be successfully used. In evaluating the proposed method, the combined merits of the entire constellation of performance metrics as comparison with manual segmentation, longitudinal studies across two databases, the range of the optimal parameters, and processing time were considered. 
Conclusions
The aim of this study was to develop a simple and robust skull-stripping method based on the new proposed irrational mask. This new proposed algorithm combines the gray-level value selection and the pixel assignation between background (=0) and the foreground with a new binarization rule. Specifically, two irrational masks of 3×3 and 5×5 size based on the first 9 and 25 terms of Gregory-Leibniz infinite series that calculates the π value have been used. In case of the 5×5 mask, the performance of method decreases with 2 %. Also, a new selection rule to convert a gray-scale image into a binary image was proposed. In the final steps, morphological operations that remove all non-brain regions were used and the performance of the new skull-stripping approach was compared with other well-established methods.
The proposed method was quantitatively and qualitatively evaluated using international MRI databases: IBSR and WBA. The validation of the proposed method has been carried out by comparing our results with ones provided by other methods [11, 14, 17] , and our method shows similar segmentation performance and accuracy (based on popular metrics). The main advantage is its simplicity and robustness. Also, our algorithm is fast enough so that the processing time is an advantage of the method.
